ABSTRACT
3
within the environmental range sampled (Elith et al., 2010) . SDMs thus have the potential to 48 inform broader scale management which is especially important for marine species where it 49 is often difficult and costly to sample the entire range of a species.
50
In their most simple form SDMs couple data on a species distribution with environmental 51 variables to quantify the ecological niche of the species, for example, Hutchinson's realized 52 niche or Grinnell's fundamental niche (Guisan & Thuiller, 2005) . In most cases, presence- There has been a rapid increase in the volume of spatial data derived from electronic tagging However, the advent of geolocation models, either using tidal signatures or light intensity 89 levels, is now resulting in increased knowledge on the spatial ecology of an increasing 90 number of fish species of both economic and conservation concern, including pacific bluefin "Critically Endangered" (www.iucnredlist.org). As a slow growing, late maturing and low 100 fecundity species, its population growth rate is highly sensitive to fishing mortality (Brander, 101 1981). The species suffered a rapid decline in the last 40 years with landings falling by 90 per 102 cent (Du Buit, 1977; Brander, 1981; Philippart, 1998 for each of the 10,000 randomly generated sets of tracks. In order to preserve the internal 236 spatial structure of the animal tracks, simulations were done by anchoring six points 237 generated at random over the study area which would define the new centroid of each 238 individual track (see Appendix S2). The random tracks were generated as a set of locations 239 with the same shape of the original tracks but centred around the position defined by the 240 randomly generated centroid. When parts of random tracks were generated on land these 241 locations were excluded and the section of the track generated at sea was resampled with 242 repetition until the original sample size of the track was reached. The 10,000 simulations 243 were performed twice using two nested spatial domains to produce both a regional and a 244 11 more stringent local test of the model performance. The regional polygon was drawn around 245 the area covered by the raw data of presence-absence (Fig.1) , and the local polygon was 246 drawn around the area covered by the geolocated tracks (see Appendix S2). The use of two 247 spatial scales allowed us to assess both the reliability of our predictions and the 248 representativeness of the geolocation estimates.
(A) RESULTS

(B) GAM fitting
251
The best model defining the probability of presence of flapper skate included trawl latitude, 252 trawl longitude, √depth, distance from the coast and gear type (Table 1 ) and explained 33% (Table 1) . There was no significant spatial autocorrelation in the residuals (see (Fig.2) . As shown by the model outputs, flapper skate distribution is driven by depth, 264 with low probability of presence at depth < 100m and decreasing again at depths > 400m, 265 although the variance surrounding the estimates increases in the 300m-600m range where 266 data points are more scattered (Fig.3) . Probability of presence decreases strongly as distance 267 from the coast increases (Fig.3) . Therefore this species seems to prefer areas that can reach 268 high depths but at the same time are surrounding islands or are constrained within islands and 269 the main land.
(B) Geolocation modelling
271
The geolocation model obtained a number of tidal matches for each individual (Fig.4) . The (Fig.6) . At the regional scale, the likelihood that the observed 295 geolocated tracks coincided with areas of high values of RHU was always higher than the 296 likelihood that the randomly generated tracks would fall over high RHU values (Fig.7) . At 297 the local scale, a very similar result was obtained (this second result is not shown). that has undergone range contraction is particularly problematic, i.e. absence from an area 313 might not mean that the area is unsuitable, simply that the species has been extirpated from 314 that area (Guisan & Thuiller, 2005) . Therefore, as the estimation of environmental suitability 315 is fundamental when defining conservation measures for an endangered species, predictions 316 need to be carefully validated in order to provide increased confidence in their accuracy.
317
Here we demonstrate that by using estimated individual tracks, it is possible to observe 
331
There are other validation methods when field validation is not an available option. The most 332 common practice is to split the data into a trial data set on which the model will be run, and is also predicted to be high around offshore islands. Therefore, the environmental preference of spread of invasive species (Fraser et al., 2015) . In all of these examples, the definition of 374 landscape suitability is a vital step, and there is typically considerable uncertainty in model 375 outputs when, as is often the case, the uncertainty in environmental preference is large.
376
Notably, one recent study using RangeShifter highlighted that uncertainty in the 377 environmental layer can be responsible for greater uncertainty in the outputs than that due to 
652
Values of relative habitat utilisation at exact tracks' locations are always higher. 
